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Abstract 

Based on the reconfigurable array of processors with 
wider bus networks [8], we propose a series of algo- 
rithms for image processing. Conventionally, only one 
bus is connected between two processors but in this ma- 
chine it has a set of buses. Such a characteristic in- 
creases the computation power of this machine greatly. 
Based on the base-m number system, we first introduce 
some basic operation algorithms. Then three related 
applications are derived in constant time; one is the 
histogram of an image, another is the image segmenta- 
tion and the other is the image labeling. 

Key Words- Image processing, parallel algorithms, 
entropy, prefix sum, histogram, Segmentation, recon- 
figurable array of processors, bus network, labeling. 

1 Introduction 

Owing to the fact that the speed of the electron is 
limited, the computation power of a single processor 
cannot be significantly increased. Instead of designing 
super processors, many researchers have focused their 
attentions to the parallel processing systems. As we 
know, the computation power of a parallel processing 
system cannot be linearly increased in proportion to 
the number of processors installed to the system. It 
fully depends on the algorithm designed and the system 
architecture proposed. The mesh-connected computer 
(abbreviated to MCC) is one of these famous parallel 
processing systems [16]. Even though the architecture 
of the MCC is simple and regular, its architecture is 
fixed at running time and it is not adequate for global 
communications. Researchers overcame such draw- 

backs by equipping it with a reconfigurable bus system. 
Several reconfigurable parallel processing systems have 
been proposed [6, 9, 12, 14, 15, 21, 22, 23, 241. There 
are processor arrays with a reconfigurable bus sys- 
tem (abbreviated to PARBS) [23, 241, reconfigurable 
meshes [14, 151, polymorphic torus networks [9], bus 
automation [21], reconfigurable array of processors [6], 
reconfigurable networks [22], and polymorphic proces- 
sor arrays [12]. Although the system bus of any recon- 
figurable parallel processing systems is reconfigurable 
at run time there is still a drawback to these models. 
That is, the bandwidth of the buses between proces- 
sors depends on the logarithmic order of the number 
of the processors to be installed in the system. Conse- 
quently, this is no good for those computations that 
need wider communication bandwidth. Convention- 
ally, researchers solved this problem by installing the 
system with an extra number of processors. In fact, 
this problem can be also solved using a wider bus sys- 
tem architecture instead of using more processors. Li 
and Maresca [lo, 133 h s owed that it would take 20% 
more silicon area per processor before they could con- 
trol the local switching between buses at the instruc- 
tion level. This implies that it would be more effi- 
cient to save silicon area by increasing the bus capac- 
ity rather than by increasing the processor complexity. 
Based on such a concept, Lee et al. [8] have proposed a 
reconfigurable array of processors with wider bus net- 
works to solve Hough transforms efficiently. In this 
paper we also use it to solve some other interesting 
image problems such as segmentation and labeling. 

The histogram of an image provides a useful infor- 
mation for segmentation and for measuring the tex- 
tual properties of an image. By definition, the his- 
togram of an image is a one-dimensional array H[i], i = 
O,l,...,G- 1, such that H[i] = k if k is the number 
of pixels with grey-level i. In this paper, we use Lee’s 
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[8] result to solve this problem . 
After computing the histogram of an image, the seg- 

mentation of an image based on the histogram entropy 
can be progressed. The technique for image segmen- 
tation based on the similarity of brightness of image 
objects is thresholdmg. To choose a good threshold 
value of a gray-level image, the image can be segmented 
into two parts, the object regions and the background. 
Based on the entropy of the histogram, many authors 
[7, 19, 201 have used Shannon’s concept for threshold- 
ing an image. Pun [19, 201 and Kapur et al. [7] de- 
fined the entropy of an image by assuming that an im- 
age was entirely represented by its gray level histogram 
only. They then used this entropy to choose a thresh- 
old value for the image. Based on this concept, the 
sequential algorithms for finding a threshold value of 
an image take O(G’) t’ ime. Here G  is the total grey 
levels of an image. Recently, based on the entropy of 
the histogram, Cinque et al. [2] proposed some algo- 
rithms for image thresholding in O(logG) time on a 
pyramidal machine with a G  x G  base processors. We 
present a parallel algorithm for the same problem on 
the reconfigurable array of processors with wider bus 
networks in constant time using G2+ilc processors. 

For segmentation, we first transform the gray-level 
image into a binary irnage. Then, we propose an image 
labeling algorithm for this binary image. The image 
labeling problem is to assign a unique number to each 
connected component (object) of an image. Kao et al. 
[5] and Alnuweiri [l] have proposed constant time al- 
gorithms for the image labeling problem on reconfigu- 
rale parallel processing systems. Under the RAPWBN 
model, we also can solve this problem in constant time. 

After labeling an image, each labeled object can be 
recognized or understood by calculating its character- 
istics. 

The rest of this paper is organized as follows. The 
reconfigurable array Iof processors with wider bus net- 
works and some basic operations are described in Sec- 
tions 2 and 3. Section 4 introduces histogram al- 
gorithm. Section 5 shows a segmentation algorithm 
based on the histogram entropy of an image. An image 
labeling algorithm is presented in Section 6. Finally, 
some concluding remarks are also included in the last 
section. 

2 The computation model and Nota- 
tions 

A l-dimensional (1-D) reconfigurable array of pro- 
cessors with wider bus networks (abbreviated to RAP- 
WBN) [8] of size N contains N processors to be embed- 
ded with a reconfigutable bus system. Each processor 

is identified by a unique index denoted as Pj, where 
0 5 j < N. The reconfigurable bus system consists of 
an M-row and N-column network array and the band- 
width of each bus of each network is assumed to be 
0( N1lc)-.b’t h i ) w  ere N is the number of processors and c 
is a constant for c 2 1. Usually, assume O(NIIc) = m. 
The M-row and N-column bus networks have 2MN 
ports denoted by -Si,j , +Si,j and each port has m-bit 
bus connection switches denoted by -Si,j (k), +Si,j (k), 
forO<i<M,O<j<NandO<k<m. Theith 
row bus is constructed by connecting the jth-column’s 
port swit,ch +Si,j to the (j + l)th-column’s port switch 
--Si,j+l, forO<i<MandO<j<N-1. Each 
processor Pj also has a column bus with M  ports, de- 
noted as #Si,j and each port has m-bit bus connec- 
tion switches denoted as #Si,j (k), for 0 5 i < M  and 
0 5 k < m. The m-bit column bus of a processor can 
be connected to any row bus by setting the port con- 
nection switches #Si,j(k) to -Si,j(k) and/or +Si,j(k) 
forO<i<M,O<j<NandO<k<m. As- 
sume M  =: N = 4 and m  = 2, Figure 1 shows a linear 
RAPWBN. 

For a unit of time, assume each processor can either 
perform one arithmetic or logic operation, or access a 
local memory word, or set the local switches with the 
same connection configuration on the same column bus, 
or communicate with others by broadcasting data on 
a bus. It allows multiple processors to broadcast data 
on the different buses or to broadcast the same data on 
the same bus simultaneously at a time unit, if there is 
no collision. 

Any configuration of the bus system can be derived 
by properly establishing the local connection among 
the data bus of each port within each processor. We 
use the notations as used in [8]. For example, in a lin- 
ear RAPWBN, if the local connection of a processor is 
{-Si,j(k), +S,j((k + 1) modm), i=O,2,4, and05 
k < m} then the m-bit data are rotated one bit after 
passing through these three switches at the jzh column. 
Figure 2 shows some interesting switch configurations 
derivable from a processor of a RAPWBN. For simplic- 
ity, instead of using {-Si,j(k), +Si,j(k), #Si,j(k), 0 < 
k < m} notation to connect each bit one by one 
of the ith row and jth column bus network, we use 
{-Si,j, +Si,j, #Si,j} notation. 

A RAPWBN is operated in a single instruction 
stream, m.ultiple data streams (SIMD) model. Usually, 
the bus bandwidth is not unlimited between processors. 
We assume the bus bandwidth is bounded by m-bit so 
that an m-bit data can be transferred between proces- 
sors in constant time, where m  is an integer. The I/O 
loading (down load and up load) time is fully dependent 
on how complex the I/O interface between processors 
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and peripherals will be. It is difficult to estimate ac- 
curately how much I/O time should be included to the 
time complexity of an algorithm. Therefore, the time 
complexity of an algorithm is assumed to be the sum 
of the maximal computation time among all proces- 
sors and the communication time among all processors. 
This assumption was also used by many researchers 
[9, 10, 14, 15, 17, 21, 23, 241. 

3 Basic Operations 

Let B  be a binary sequence of size N, where B  = 
{bo, h, .‘., b-11 and b; is 0 or 1, 0 < i 2 N - 1. 
The prefix sum for the bit one of a binary sequence, 
psj, is defined as 

Psj = kbi, (1) 
i=o 

wherebi=l, bj=l,andO<j<N-1. Forexample, 
assume B = {1,1,0,1,0,1,1,1}.Thenpsc=1, psi= 
2, psa = 3, ps5 = 4, pss = 5, and ps7 = 6. From Eq. 
(1), the maximum prefix sum of psj is at most N. The 
prefix sum problem has been solved in RAPWBN by 
Lee et al. [8], we include it as follows. 

Lemma 1 [8] Given a binary sequence of length N, 
the prefix sum for the bit one of it can be computed 
in O(1) time on a linear N RAPWBN each bus with 
N1fC-bit bandwidth, where c is a constant and c > 1. 

Let psumj be the prefix sum of N’s O(logN)-bit 
integers and it is defined as 

where 0 5 Ai < N and 0 5 j < N. Based on the prefix 
sum of a binary sequence, Olariu et al. [18] proposed 
an O(1) time algorithm for this problem on reconfig- 
urable meshes using N x N processors. Kao et al. [4] 
also solved this problem on a linear RAP using N1+lIC 
processors with N ‘/‘-bit bus width, where c is a con- 
stant and c 2 1. Kao also extended this result to real 
numbers. Assume a real number is represented by a 
normalized floating-point representation which consists 
of two parts, mantissa and exponent. The result for the 
integer number can be extended to the real number by 
following steps. First, find the maximum exponent part 
from these N real numbers. Next, adjust all real nun- 
bers with the maximumexponent part. Then, compute 
the prefix sum of these N mantissa. Finally, normalize 
these N prefix sums. We list Kao’s result as follows. 

Lemma 2 [4] G’ zven N’s O(log N)-bit normalized real 
numbers, the prefix sum of these N real numbers can be 
computed in O(1) time on a linear N1+‘fc RAP with 
N’lc-bit bus width, where c is a constant and c > 1. 

Let Ao, Al,‘.. , AN-~ and AN-~ be N’s log N-bit 
unsigned integers, where 0 5 Ai 5 N - 1 and 0 _< 
i 5 N - 1. The maximum (minimum) operation of 
these N numbers is to determine if there is a number 
which is not less (greater) than the others. Based on 
the base-m number system and the prune-and-search 
technique, the algorithm for finding the maximum of 
N’s log N-bit unsigned integers was proposed by Kao 
et al. [3]. Assume all numbers are distinct and each A; 
is represented by the base-2 number system, where 

(3) 

forR= [log,NJ+I,bi,j E{O,l},O<Ai 5 N-l, O< 
i 5 NT 1 and 0 < j 5 R- 1. Instead of using the base-2 
number system to represent Ai, Ai can be represented 
by the base-m number system as follows. 

T-l 

Ai = C ai,kmk, (4) 
k=O 

for T = [log, NJ + 1, 0 5 i 5 N - 1, 0 < k 5 
T - 1 and 0 5 (li,k 5 m  - 1. From above equation, 
each Ai is represented by T digits and each digit is 
bounded within the interval [0, m  - l]. The maximum 
(minimum) number of these N unsigned integers can be 
found using the prune-and-search technique; for each 
digit ai,k of Ai, if ai,k is greater (less) than Uj,k then Aj 
is pruned. This process repeats from the most signifi- 
cant digit to the least significant digit. We list Kao’s 
result as follows. 

Lemma 3 [3/ The maximum (minimum) of 
N/slog N-bit unsigned integers can be computed in 
O(1) time on a linear N RAP each bus with N1fc-bit 
bandwidth, where c is a constant and c 2 1. 

The above two lemmas are also true in the RAP- 
WBN model, as we can use a RAPWBN with one-row 
and N-column bus networks to simulate the RAP. 

4 Histogram 

The computation of the histogram is a basic opera- 
tion in image processing and computer vision. It can 
be used for segmentation and measuring the textual 
properties of an image. The histogram computation 

710 

Proceedings of the 10th International Parallel Processing Symposium (IPPS '96) 
1063-7133/96 $10.00 © 1996 IEEE 



has been studied extensively by several researchers us- 
ing various computation models [8, 10, 11, 181. 

In this paper, we use the algorithm proposed by 
Lee et al. [S] for the histogram computation, For the 
sake of completeness, we include their algorithm as fol- 
lows. Assume the range of the gray-level of each pixel is 
bounded by [0, G-l], where G  is any constant. The his- 
togram of an image with n x n pixels can be represented 
byaonedimensionarrayH[k],k=O,l,...,G-1,such 
that H[k] = 1 if 1 is the number of pixels with gray-level 
k. Following Lemma Ii, the number of each ~[i] can be 
computed by the ith row bus and its corresponding al- 
located processors. After identifying the last processor 
that holds gray-level i, we store the histogram of the 
image pixels each with gray-level i back to processor i. 
The detailed hist0gra.m algorithm is described as fol- 
lows. Assume the RAPWBN consists of n2 PE’s and 
each bus has m-bit b,andwidth. Initially, each pixel of 
the n x n image with gray-level ga,y, 0 5 2, y < n and 
0 5 gz,y < G, is sto.red in the gl(j) local variable of 
processor Pj, where j = 2 x n + y, by row major order. 
Finally the histogram array H[j], j = 0, 1, , G  - 1, 
of an n x n image is stored in the h(j) local variable of 
processor Pi for all 0 5 j < G. 

Algorithm HISTOGRAM 
Input : gl 
output: h 

1. // Set the local (connection of each row bus. // 
Each processor Pj sets its local connection 
{-Si,j,+Si,j}, where 0 5 i < G, 0 5 j < n2. 
Then, for each processor Pj, 0 5 j < n2, es- 
tablish the local connection {-Si,j(k), +Si,j((k + 
1) mod m), #Si:j, 0 5 k < m}, if i = gl(j) for 
O<i<G. 

2. // Compute the histogram. // 
Use the ith row bus to count up the number of 
pixels h(i) that has grey-level g2(j) = i for each 
processor Pj , 0 :< j < n2, 0 < i < G. By Lemma 
1, at the ith row ‘bus, the processor whose allocated 
image pixel has grey-level i will be contributed to 
the computation only. Hence, the histogram can 
be computed by Lemma 1 for each row bus simul- 
taneously. 

3. // Identify the last processor that has the grey- 
level i for the it" row bus. // 
Set the local connection {-S;,j, +Si,j} for each 
processor Pj, 0 2 j < n2, where 0 5 i < G, if 
i # gJ(j); set the local connection {+S;,j, #Si,j}, 
otherwise. Then the processor Pnzel broadcasts 
a signal ‘*’ (or any signal) by the bit 0 of port 
+Si,n~-r (i.e. +Si,n2-i(0)) through the estab- 
lished bus. The processor which receives the signal 

‘*’ on the ith row bus is the processor that has the 
grey-level i. By Step 2, the result h(i) is stored in 
this processor. 

4 

We also have the following theorem. 

// Store h(i) back to processor Pi. // 
The processor, which is stored the h(i), copies it 
back to processor Pi through the ith row bus. 

Theorem 1 [8] F  or an n x n image, the histogram can 
be computed in constant time on a linear n2 RAPWBN 
each bus with (n ) ’ ‘I”-bit, where c is a constant and 
c> 1. 

5 Segmentation based on the histogram 
entropy 

The most important thing regarding segmentation 
is to choose a gray-level as a threshold which divides 
the N gray-level image into a bi-level image. Let 
GL = 0, 1, ... , G  - 1 be the set of gray levels and 
F  = V(~,~)lnxn be an image of size n2 = N, where 
f(z, y) is the gray-level at (z, y) and f(z, y) E GL. Let 
N; be the number of pixels each with the gray-level i. 
Then, 

G-l 

c 
Ni = N. (5) 

i=o 

Pun 119,201 and Kapur et al. [7] defined the entropy 
of an image (histogram) as 

G-l 

H = -c pi log Pi, 
i=O 

where pi = NaJN. We use the concept as used by 
Kapur et al. [7] to define the entropy of the object 
(black) and the background (white) as follows. The 
entropy of the black portion of an image is 

H&S) = +Flogp; (7) 
i=o s s 

and the entropy of the white portion of the image is 

G-l 

(8) 

where s is a threshold and P, = Cg,e pi. The total 
entropy of the partitioned image is 

HT(s) = H&S)+ Hw(s). (9) 
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Then, for all s, 0 5 s 5 G  - 1, the s that maximizes 
the H*(s) is the threshold value of the image. 

Instead of using a linear RAPWBN for the computa- 
tions, we can configure it into a two dimensional RAP- 
WBN through the following mapping technique. First, 
reset (disconnect) all switches. Second, processor Pi 
sets its local connection {+Sc,i, #Sc,i}, if i mod n = 0; 
sets its local connection { -Sc,i, #Sc,;}, if i mod n = 
n-l; sets its local connection {-Sc,i, +Sc,i, #Sc,i}, oth- 
erwise. Third, each processor Pi, i mod n = j sets its 
local connection {-Sj+i,i, +Sj+i,i, #Sj+i,i}. For the 
purpose of differentiation, the switches in bus-0 of all 
processors are called roux-switch and those in other 
buses are called column-switch. After the reconfigu- 
ration, the switch setting is shown in Figure 3(a) for 
n = 3; by this way, the one-dimensional array of pro- 
cessors can be viewed as a two dimensional array of 
processors, as shown in Figure 3(b). Assume each pro- 
cessor has three variables to keep its indices, i, x and yJ 
where z = i, y = i mod n; i is used to represent the 
index of a processor in a one-dimensional array of pro- 
cessors and z and y are used to represent the index of 
the same processor in a corresponding two-dimensional 
array of processors. The mapping between i and z and 
y are one-to-one and onto. 

For calculating the HB(s), Hw(s) and HT(s), we 
arrange the processors to compute these entropies as 
shown in Figure 4. That is, HB(s) is computed in the 
lower triangular processors and Hw(s) is computed 
in the upper triangular processors. Assume I is a 
4 x 4 image and 1 = {(O,O, O,O), (1,3,3,2), (2,3,3, l), 
(O,O,O, 0)). A snapshot of algorithm SEGMENTA- 
TION is shown in Figure 5. In algorithm SEGMEN- 
TATION, we assume the number of processors is n’+! 
and the number of gray levels G  is n. 
Algorithm SEGMENTATION 
Input : The gray-level gl of each pixel. 
Output: A binary image. 

1. // Compute the histogram. // 
By algorithm HISTOGRAM, we can compute 
the histogram in a linear RAPWBN. Assume 
the final results H(O), H(l), . . , H(G - 2) and 
H(G- 1) are stored in h(O,O), h(0, l), ‘. ., h(0, G- 
2) and h(0, G - 1) local variables of processor 
Pc,c,Pc,i,.-., Ps,~-z and Pc,o-.l, respectively. 

2. // Reconfigure the architecture. // 
Map the one-dimensional array of processors of 
size n2+t to the two-dimensional array of proces- 
sors of size n x n’+$ through the mapping tech- 
nique. See Figure 3. 

3. // Calculate the probability pi of each gray-level. 

‘12 

/I 
Each processor Po,~, 0 5 y < G  - 1 calculates the 
probability pi(O, y) = y, where p;(O,y) is the 
local variable of processor Po,~. 

4. // Compute the prefix sum of the probability pi. // 
According to Lemma 2, the prefix sum of 
pi(O, y), 0 5 y < G  - 1 can be computed on pro- 
cessors Po,i, 0 _< i 5 n - 1. The sum of each prefix 
is stored in the local variables ~~(0, y) of processor 
PO,,,, 0 5 Y 5 G- 1. 

5. // Broadcast the p,. // 
Each processor Po,~, 0 < y < G  - 1 sends its p, to 
processor PY,Y. Then, processor PY,Y, 0 5 y 5 G- 
1, broadcasts p, to processor Py,k, 0 5 k 5 G- 1. 

6. // Broadcast the pi. // 
Processor Po,~ broadcasts pi(O, y) to processor 
P  ,z,y, 0 I X,Y _< G- 1. 

7. // Compute the individual entropy. // 
Processor PzrY, 0 _< Z, y 5 G  - 1 computes the 

entropy p (z y) ??A.kxQ 1% ps(z y) m  and stores it in its local 3 , 
variable hb(x, y), if z 2 y; computes the entropy 
(lp~~~,)yjj log (i~b(~~,\)) and stores it in its local 
variable hw(x, y), otherwise. 

8. // Calculate the total entropy HT in each row. // 
Compute the total entropy HT(z) for each 2, 0 5 
x 5 G  - 1, by the prefix sum on the entropy 
stored in each row using Lemma 2. Let HT(z’) be 
stored in the local variable ht(x, G  - 1) of proces- 
sor P=,G-~. Then set ht(x, G- 1) to -ht(x, G- 1) 
in processor Pz,G- 1. 

9. // Find the maximum entropy among all 
HT(X), 0 _< x < G  - 1. // 

a. Processor Pz,~-l broadcasts ht(x, G - 1) to 
processor PZ,k, 0 _< k < G-l and PZ,k stores 
it in local variable htl(x, k). 

b. Processor Pz,, broadcasts htl(x, x) to proces- 
sor pk,,, 0 5 k < G  - 1 and Pk,$ stores it in 
local variable htz(k, x). 

c. Processor Pz,y, 0 5 x,y < G  - 1, com- 
pares htl(x,y) and htz(x,y) and sets its 
flag(x,y) = 1, if htl(x,y) 2 htz(x,y); sets 
flag(x, y) = 0, otherwise. 

d. Using Lemma 1, we can compute the prefix 
sum on the flag stored in each row. Proces- 
sor Pz,~-l has the total sum of flag stored 
in each row and if the total sum of flag is 
equal to G- 1 then this processor broadcasts 
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10. 

its index z (the threshold value) to all pro- 
cessors. 

// Obtain the binary image. // 
Processor Pz,Y, 0 < t,y 2 n - 1, compares its 
gray-level value gl(a:, y) with the threshold value 
and sets its gray-level to be one, if g/(x, y) is 
greater than or equal to the threshold value; sets 
its gray-level to be zero, otherwise. 

Theorem 2 Let the size of an image be n x n and the 
number of gray levels be n. Based on the histogram 
entropy of the image, the RAPWBN of size n2+6 can 
correctly compute the segmentation in constant time. 

Proof: The number of pixels with the same gray-level 
i, Ni, is computed in lStep 1. Then, the probability of 
each gray-level i, pi, is calculated in Step 3. The prefix 
sum of the probability pi, p,, is computed in Step 4. 
The individual entroply of Eqs(7) and (8) is calculated 
in Step 7. Since HB(~s) is computed within the range 
0 to s and Hw(s) is c:omputed within the range s + 1 
to G  - 1, the total entropy of Eq.(9) for each s can be 
computed by the sth row in Step 8. Then, the threshold 
value is found in Step 9. Finally, the binary image is 
obtained by Step 10. The time complexity is analyzed 
as follows. By Lemma 2, Step 2 and Step 8 each takes 
O( 1) time using Nr+ ;b processors for each row. Other 
steps each also takes (O(l) time. Hence, the total time 
complexity is 0( 1). Q.E.D. 

If the linear RAPWBN with n2 processors is config- 
ured to n& x ns two dimensional array, we can 
compute the segmentation with gray-level G  5 n*. 
This leads to the following corollary. 

Corollary 1 Let the size of an image be nxn and the 
number of gray levels be n*. Based on the histogram 
entropy of the image, the RAPWBN ofsize n2 can cor- 
rectly compute the segmentation in constant time. 

6 Image labeling 

After segmentation, we get a binary image which 
has only black and white pixels. Let the black pixels 
become a group, if they are neighbors (by four-neighbor 
definition). Then, w(e give each group a unique label. 
The labeling algorithm is described as following. 

Algorithm LABELLING 
Input : A binary image. 
Output: A binary image with its black pixels labelled. 

1. // Variable initialization. // 
Processor P3c,y, 0 < 4, y 5 n - 1 sets the local 
variable flag(z, y) to zero. 

// Construct each group. // 
Processor Pz,Y with a black pixel checks the gray- 
level of its four neighbors and then breaks the con- 
nection with the processor which has the white 
pixel by setting either row-switch or column- 
switch disconnected. 

// Find the representative of each group. // 
In each group, we can find the processor with the 
maximum index i by using Lemma 3. Then, the 
flag of this processor (the representative of the 
corresponding group) is set to be ” 1”. 

// Find the label of each group. // 
Compute the prefix sum on the flag stored in 
each processor. Following Lemma 1, each proces- 
sor with flag = 1 obtains a unique number (i.e. 
label) to represent its corresponding group. 

// Broadcast the label by the representative pro- 
cessor. // 
Reconstruct each group as stated in Step 2. Then, 
the processor who is the representative of its cor- 
responding group broadcasts the label to all mem- 
bers of its group. 

Theorem 3 For an n x n binary image, the image 
labelling problem can be solved in constant time on a 
linear n2 RAPWBN each bus with (n2)1/c-bit, where c 
is a constant and c 2 1. 

Proof: The correctness of this algorithm can be veri- 
fied by Lemma 3 and Lemma 1. By Lemma 3, it iden- 
tifies the representative of each group. By Lemma 1, 
each group is labelled uniquely. The time complexity 
can be easily verified to be O(1). Q.E.D. 

7 Conclusion 

The system bus bandwidth determines the capacity 
of data communication between processors. According 
to the results as shown in [lo, 131, we know that the 
silicon area used by the switching control mechanism 
is far less than that used by the processor. Instead 
of increasing the number of processors, we extend the 
number of buses to increase the power of a parallel pro- 
cessing system. Such a strategy of utilizing the recon- 
figurable array of processors with wider bus networks 
not only has the advantage of saving silicon but also 
increases the system power enormously. 

In this paper, to demonstrate the power of the RAP- 
WBN, three related image problems such as histogram, 
segmentation and labelling are proposed for this ma- 
chine. All problems can be solved in constant time. 
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The RAPWBN is designed to be suitable for image 
processing. We believe that lots of image related prob- 
lems can be solved in constant time in the near future. 
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Pl s p3 

Figure 1: A lmear RAPWBN of size 4 with 4 x 4 bus networks, 
each bus network with Z-bit bus width. 

(a) The swtch setting for a two-dimensmnal array. 

Figure 2. Some local watch configurattons of a RAPWBN. 

fj p2,O 8 5.1 ‘CI” q,2 3 p2,3 

(b) The emulated two-dimensional array of processors. 

Figure 3: The mapping between a one-dimenstonal array of processors 
and a two-dimensional array of ~)rocessors. 

calculate each item of HE(S). 

Figure 4 The arrangement of the HT(s) calculation on processors 

715 

Proceedings of the 10th International Parallel Processing Symposium (IPPS '96) 
1063-7133/96 $10.00 © 1996 IEEE 


